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Abstract

In this paper we present a system for describ-
ing renal stones found in radiographs. The sys-
tem generates descriptions that adhere to those
generated by radiologists. The descriptions are
formulated by discovering the spatial relationships
that exist between the major organs and the renal
stones. The system consists of three major compo-
nents. The first is the image processing component
whtich is responsible for locating the stone. The
second component is the inference network mini-
mization component which determines which spa-
tial relationships, of all those that exist between the
stone and the organs, is the most descriptive. The
third component is the natural language generation
component which is responsible for translating the
spatial relationships into appropriate medlical ter-
minology. We 'will illustrate all these components
on several examples.

Introduction
A considerable anmount of work has been done on the
image processing aspects of locating abnormalities in
radiographs. This work goes beyond simply locating
the abnornmality to generating descriptions of the ab-
normalities. Specifically the goal of the project pre-
sented in this paper is to describe renal stones foutnd
in radiographs. The issue is to first determine if a
stone is present in the radiograph, and if so to identify
its locationi for possible treatment. To describe the
location involves discovering the spatial relationships
of the stone to reference objects ini the image. Radi-
ologists categorize stones according to their locations
oni the X-ray. The stones are described by observinig
the spatial relationship of the stonies to otlher parts of
the radiograph. Those parts incluide the spinal cord,
the various lumbar bodies of the spinal cord, the blad-
der, the kidney, the calyx, and a few otl-hers that are
not uisually visible on the X-ray. The ones we use are
shown in figure 1. Our system is uniique in its ability to
integrate irriage processing anid natural language pro-
cessing for the task of (lescribing renal stonles found in
radiograplis. Most research efforts have focuse(d on ei-
timer of the two. Som--ewhat along the lines of our work
is the work by [Fox and Walker, 1989] who believe that
a useful r<ole of comiiputers ini inediciime is for illraging

Figure 1: The rnodel of the urinary system. (3 right
kidney), (2 left kidney), (4,6,10,11 calyx), (8,7 middle-
calyx), (5 Li), (9 L2), (12 L3), (13 L4), (15 L5), (14
pelvis), (16 innier pelvis) (17 bladder).

systems to be combined with methods for interpreting
clinical data.
More along the lines of traditional medical imaginig

systemiis call be found in [LKobashi anid Shapiro, 1992].
They describe a kn-owledge-based recognition system
that utilizes kimowledge of aniatomy and CT (comliput-
erized tomiography) imnaging for organ identificationi of
the abdoineni. A method for automatically detecting
boundaries of brain tumors is given in [Lu et al., 1992].
A sinmilar paper is [Selfridge and Prewitt, 1981] that
describes two bouimdary-delineatinig algorithn-ms for de-
tecting kidnieys in tomographic images. Most medi-
cal image processing inivolves standard techntiques like
those found in [Weclhsler and Sklansky, 1977]. Iln this
paper the authors describe a system for findimig the rib
cage in chest radiograplhs.

Image Processing
Before we can describe a potenitial renial stomme, we must
be able to find it in the image. This work does riot
develop aniy niew algorithimis for image processing of X-
ray im-ages, inistead we tise existing algoritlhm-ts. Our
contribution is ill the area of descriptioin geiieratiomi.
'I'he ii-tage processing coniponient of the systemii iieeds
to acco-npilishi two separate yet ititerdepetdleiit, goals,
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the first is to register thle inmage with the itiodel of the
urinary systeiti shlowti in figure I and the secolld( is to
find the stonie onice the imnage has been registered. This
is necessary because each image is sliglhtly distorted.
The reasonis for the distortions are d(Ie to differences
in ainatoiniy anid radiologic techniques.

Accurately describing the location of the stone will
depernd ori how well the system was able to register the
image and locate the stonie.
Generating the biinary imiage. The imiage pro-
cessilig niodule first coniverts ani X-ray im-lage into a
black and white (binary) imiiage in order to locate th-e
spinal cord aind pelvis. The spiiial cord aIl(l pelvis are
the two lafidmarks that we extract fronm the X-ray imI-
age in order to register it with the nmodel.

Edge Detection. Once we have create(l the binary
image we iteed to find the edges. The edges are small
regionis in an iimiage that 1-iave a rapid chanige in im-
age intensity. To finid the edges we ulse a 5x5 edge
operator, patternied after the Sobel t3x3, as a discrete
approximation for the partiallderivatives that measure
the gradienit [Horn, 1990].
Registering the inmage. In tllis step the image pro-
cessinig rnodule nieeds to find a transformationi that
maps the edge irmiage into the model. The goal is to
bring the iniage as close as possible to the miodel image.
The system looks for a six paranmeter affine coordinate
transformnation that accomplislhes this and applies it, to
the irriage. We are tlhen ready to use this tranisfornmed
image to locate th-e stones.

Locating the stones.
To locate the stones we use the techniique sketched out
in [Kiriume et al., February 1975] for circle finding.
Since a majority of the stones are circular in nlature
we niiay use this techniique.
Once the stone is found it is superimposed on the

model atnd we are ready to deteri-imine its position rela-
tive to the variouis reference objects of figure 1.

Inference Network Minimization
In this sectiotn we will describe lhow the sys-
tem chooses wliclh spatial relationships best de-
scribe the position of the stoine relative to tIme
reference objects from tIhe rnodel. Tmle spa-
tial relationships are represented by comnputatiolnal
models of a set, of spatial prepositions that in-
clide: {inszde, near, left, right, a bore, below, belween}.
A Imore (letaile(d exposition about the computational
rmiodels can be fouind in [Abella, 1995]. The system
uses these computational i-iodels to determine if two
objects (the stone and anl organ or borny structure) are
in a particular spatial relationship (e.g. The stone is
ins'de the right kidney.).
Manty of the spatial relationships that the system

will find a-s beinig true are redundanit in the final (e-
scriptioni, tlis is wlhy the system-l is equipped wit,h an
algorit,hit to elihniinat,e ummnecessary relationships be-
tween the figutre object (the .slone) amid tIme reference
objects ( thckeidney, the bladde1er etc). 'thl'e spatial rela.-
tionslmips are all expressed tlhrouiglh prepositions. TIme
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PJ (above)

P(inside) p above~")

f (stone) r1 (right kidney) rI (pelvis)

Figure 2: The inference rule: if a prepositioti pk can
be found that together with pi imiplies preposition-i pj
tlhen the relationship between reference object rj and
the figure object f miay be elimi-nated frorti the final
description.

systenm eliminlates those prepositioiis thiat are redun-
dant. Whlen eliminiating these prepositionls we iieed
to look at a pair of reference objects ri and rj and
the prepositions pi and pj that are true for (f, ri) and
(f, j) wlhere f is the stone. If we can find a preposi-
tiomn Pk that relates ri anid rj suclhi tlhat, the following
condition lholdls

(Vri, f, r-)(Pk (ri, r1) A pi}(f ri) p (fP ri)) (1)
theni preposition pj is redundant aind we rimay elitiniimate
it, from the final descriptioni. Figure 2 graphically il-
lustrates this condition. For exaniiiple, suppose ri is the
riglht kidiiey, a j is the pelvis, anid the stone is in.side the
right kidney as illustrated in figure 2. In this case, Pi is
inside and pj is above. Choosing Pk - above allows us
to eliminate the fact that the stone is abou)e the pelvis
because the radiologist kn1ows that the right kidney is
above the pelvis atnd it is already known that the stone
is inside the right kidniey. Thus, it is inot necessary to
say that the stone is also above the pelvis.
The graph in figure 3 illustrates the inferences we use

to eliminate as many relationships as possible1. Note
that these inferenices are independent of the donmain;
they are provable based on the computational models
of the spatial prepositiotns. Each node represenits a
preposition that relates a reference object and a figure
object. An edge betweemi two nodes is labeled by the
relationship between two reference objects that needs
to lhold in order to eliminiiate the preposition this edge
is pointing to.

In determiiining if we can eliminlate a spatial relation-
ship we follow the edges ili the graplh in the followimig
maniner. We begini at the node pi that describes the
relationship betweemi figuire object f and reference ob-
ject ri. If there exists an edge out of pi that describes
the relationship betweeni ri and rj we follow that link
to the iiext niode pj. If pj describes the spatial rela-
tionship between f anid rj then we may eliminate it
froni the finial descriptiomi, because pi and pk ini)ply pj.
For exaiimple let Us follow the edge fromi-i near back to
itself. We begiii at the node labeled near if we knrow
that f is near ri. XVe follow the edge out of the niode

'Tlme p1repositioIns preceded by the wor(l restricted liave
a imiore constrained dIefinitionm thian the prepositiotis that
are niot restricted. This was necessary in order to maintain
tdie provability of t1I( infer-ences. Since this isslue is hlot, the
to)ic of this pa)er, we will not elaborate further, but iiiore
(letails Call be foun(d in [Abella, 1995]



left 12

33.0W

Figure 3: The inferences used to eliminate relation-
ships from the final description. Nodes represenit
prepositionis p for object pairs (f, ri) anid edge labels
represent prepositions p for object pairs (ri, j ).

if ri is inside 7'j. If it is we may eliminate the fact that
f is near rj.

The dashed links in figure 3 represent weak liniks.
Weak liniks do not satisfy conditioni 1, but a somewhat
weaker condition which is that the complement of the
prepositioni pj is not satisfied:

(Vri, f, rj )(Pk (ri, rj ) A pi (f, ri ) p -P(fI i ))
where -pj stands for the complement of pj. Not all
prepositions have complements. Obvious complement
pairs are (left, right) and (above, below).

Encoding inferences using spanning trees

This sectioni describes how to extract the minirital set
of necessary descriptioiis based on the graplh of fig-
ure 3. We begin with a set of all possible descrip-
tions of a figure object with respect to all the reference
objects. Thlese descriptions can be tlhouglht of as a

pair (p, r ) where p is a prepositioni and r is a refer-
euice object, such that p(f, r) = 1, wliichi rneanis that
preposition p describes the relationship between figure
object f and refereiice object r. Not all of these de-
scriptioins are required to describe the figure object.
TIme graph of figure 3 will enable us to detect the re-

(lundant descriptionis. This graph defines a ternary
relation T'(P1,P2,p3) XNVe say that prepositionis P1, P2,

p3 are in relation rT if the graph in figure 3 contains
an edge pointing from P1 to P2 and labeled p3. For
exam-iple, T(inside, near, inside) 1. Usinig this rela-
tion we will define a (directed graph G whose nodes are

all possible descriptions (p., r) of a figure object. De-
scriptions (Pl, r1) arid (p2, 2) are coninected by an e(lge

from (pl, il) to (p2, r2) (den-ioted (P1. 71) (P2i rA)) if
a preposition p3 exists suIchI tlhat r1 and r, are related
by p3 arid P1.P2, arid P3 are related by T:

(1Y .) ) (Pn2,, )2 (]p:3 )(p3(r0 2) A TI(PrI .P2, P):3))
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Figure 4: The graph G( and its spanining forest (thick
edges). The roots of the spanniing forest are circled.

For example if f is inside r, and near r2 and if
r1 is inside r., then (Zirn.side, r1) (near, r ) sinlce
T(inside, near, inside).

If a niode lhas an anicestor in (G then the description-
confveyed by thliat ancestor would renider the description
conveyed by the niode redundant. Tlherefore the min-
imal description consists of the roots of the spanning
forest of G. In an acyclic graplh the roots of a spanning
forest cannot be inferred from any otlher nodes, how-
ever all other nodes can be inferred by tlhemn. If the
grapl- contains cycles then the spanning forest is not
uniique anid we must apply an ordering on the nodes.
The ordering is based on the importance of the node.
For example, a node that describes a relationiship that
inivolves the kidney is imiore important than one that
involves the pelvis.

Inference Example
WVe will present an examiiple of the iniference nietwork
mIinimilizationl usinlg the irilage in figuire 1. This im-
age represenits a mo(lel of the urinary systemi-i with a
stonie found in the riglht2 kidney. Eaclh object in the
imodel (both organs anid bony structure, e.g. kidiiey
and spinal cord) are tiunubered to simplify tlhe preseni-
tationi. The first step in retrieving the minimilal set of
descriptions is to compute all the spatial relation of the
stone to all thle objects in the miiodel. The result is a
list of stone descriptions withl respect to the different
objects. This list is
((below 8) (below 6) (left 11) (near 11)
(left 10) (left 9) (left 12) (inside 3)
(near 3) (left 2) (above 16) (above 14))

Fromn these descriptionis and the graph of figuire 3
we forni thle implication graph shown in figure 4. For
example, anl edge frotr the node labeled below 8 to
the node labele(d below 6 exists because the stone is
elotu 8 and below 6 atnd according to the graplh tlhis

edge may be (irawni if 8 is below.f6 which it is. [n other
words, tIie fact that the stone is belo-w 8 aiid that 8

2Tlhe right ki(ldney appears left in t1w imiage.
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is belowtt(6 n-iakes sayiig thiat, the stonle is belowir 6 nt-
necessary. The otlher edges are genierated in this saiiie
itiannrler. This figure also shows the spanning forest
of this graplh wlhose roots are the iniiiiillal description
for the storne: ((below 8) (near 11) (inside 3)).
WVe will see int the next section how thlis miniinal de-
scription tranislates to the sentence The right lower
quadrant contains a density which may
represent a stone in the lower pole calyx.

Natural Language Generation
In this sectioII we will discuss how the spatial relations
of the previous section are tran-slated into the proper
medical terminology. Each prepositioni or combination
of prepositions can potentially rmap iilto a particular
description of a denisity.
The inference network imiinimizationi algoritlhmi Stip-

plies all the spatial relationis found to be necessary and
sufficient to describe the stonie. It is the job of the lan-
guage genierationi mlodule to conmpose the appropriate
input to the niatural language genierator so that it nmay
produce a imieanimmgfuil sentence similar to the types of
sentences that could be found in actual radiology re-
ports. 'I'le lamiguage generation inodule is ail embryo
of a rule-based systemin for translating spatial relationls
into proper time(lical terminology. The rules were de-
firmed by using the radiology reports associate(d with
the images. h'lie niatural language generator we use(l
is called FUF (Functional Unificationi Formalisml) [El-
hadad, 1993] and( it is responsible for generatimig the
final Englislh senttences.
An example of input to the language genieration

module is
((inside right-kidney) (near calyx) (above
middle-calyx))
The latnguage generation niodule then expands this in-
put anol creates the input tieeded by time natural Ian-
guage generator. For this particular example the fact
that the stone is above tl-he middle-calyx signals tl-he lan-
guage genmeration ummodule that the stone is in th-e upper
portion of the right kidney. The language generation
rnodule translates this iInto the proper miiedical termrm
upper pole.

'T'he pair (near calyx) causes thle language gener-
atiori imlodule to generate the semiatitic itnput that will
produce the phrase ulpper pole calyx or low7er pole calyx
depending Onl whether the stone is abov;e or below the
nmiddle calyx.
The fimial sentenice produced by the natural laniguage

genmerator is
The right upper quadrant contains a density
which probably represents a stone in the
upper pole calyx.

Clinical Examples
We tested ouir systeiii omi five ra(diographls, ealch ex-
hibitimig a stolle in a olifferenit locationi. Thie systemn
was successful inl locating and describinig the ston-e ii1
fouir otit of time five cases. [ii the fifth case the stone
was too siimall to be (hiscrimniimate(I fronii noise in tIle
i 1-'age.
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Figure 5: Original X-ray (top); Transforme(d edge im-
age sup)erimnposed on the model (middle); Stone super-
im)posed on the i-nodel (bottom)

Example 1: Distal Left Ureteral Stone
Figure 5 shows the original X-ray, the transformed
edge inmage superimposed on the imodel, atid the stonie
that was found superim-miposed on the model. After
ap)plying tIme inferenice nietwork ininimization tech-
nique the spatial relations that resulted were ((inside
inner-pelvis) (right inner-pelvis)). 'lhis was
th-eni translated by tIme laniguage genmeration preproces-
sor and th-e proper semantic itnput was sent to the lan-
guage generator to prodluce the following senitence:
A density is seen in the distal left ureter.

Example 2: Renal Stone
Figure 6 slhows t,he original X-ray, the transfornied
edge inmiage superimiiposed on tIhe model, arid thie stone
that was fouild stuperimllposed OI1 time model. The spa-
tial relatioiis found for this exaiplmpe were ((inside
right-kidney) (left calyx)). T'he senitence that
the natural lamigu age geinerat,or prodduced for tlhis ex-
aiIIl)e wa's:
The right kidney contains a density which
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Figure 6: Original X-ray (top); 'ranisform-iied e(lge iml-
age superimposed onl the model (middle); Stone suiper-
imposed on thie imiodel (bottom)

may represent a right renal stone.

Example 3: Calyceal Stone

For the third exami-iple tlhe systemii founi(d t lie follow-
ing spatial relations: (inside right-kidney) (near
calyx) (below middle-calyx). 'The senitenice the
system1 generated wvas:
The right lower quadrant contains a density
which may represent a stone in the lower
pole calyx.

Example 4: Mid-Ureteral Stone

For the fou6rth examiiple the system foutnid tlhe followillgt
spatial relations: ((left L4) (near right-kidney)
(inside pelvis)). I'lte senltenice the systemii gener-
ate l was
A density is seen at the level of L4 on the
right which may represent a stone in the
right mid-ureter.

Conclusion
lii is paper (overe(l the inmat erial necessary to gaulll an11
uiiderstaiidiiig of whiat is inivolved in the imi-iage pro-
cessing ainld languiage generationl conni)oIlenits of a sys-
temi that c.an generate miiedically sounld(l escri)tpiolis of
stonies fonniid inl radiographs. 'li'e descriptions are miied-
ically soninid because they are forninflated by the rule-
ba)ised systemn whose r-ules wvere definted usinig actual
radiology reports.

WN'e have iiiclUded iti the language genieration imiod-
tile the capability of generating the itiost commonlyoc-
currinig stoone (lescriptiotls. Furth-ier work is nieede(d to
genlerate less contritont (iescriptiolis of stoiies .as wvell as
(lifferetit kidiey (diseases suici as tumt-lors or p)hllebolithIs.
'Tlis wvill re(luire collection anld testing of imiore imiages.
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